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Abstract 
 
 Transport properties, such as permeability, are significant in evaluating the production 
capacity of petroleum reservoir rocks. When a new reservoir is discovered, the most crucial 
parameter that needs to be determined by reservoir engineers is the rock permeability. Because 
the permeability of rocks is controlled not only by porosity, but also, and perhaps more 
importantly, by pore size distribution (PSD) and pore connectivity, a quantitative understanding 
of the PSD in petroleum reservoir rocks is critical in the evaluation of reservoir capacity. For 
example, two sandstones having similar porosities can have different permeabilities because of 
the variance in the PSD, degree of cementation, and tortuosity (PoA) of the porous media, all of 
which are critical to determining hydrocarbon production of the rocks. Within this context, a new 
method combining digital image analysis with an empirical equation was used to evaluate the 
pore geometry in thin sections of ten sandstone samples as a function of pore size distribution in 
three dimensions (3D) and tortuosity in 2D.  
 Comparing the results of the PSD (3D), tortuosity (PoA), and the degree of cementation 
for ten samples shows that the extensive calcite cement in sample 1 is the primary control on 
porosity and permeability of the sample. On the other hand, the dominant pore diameter 
(R2=0.73), the value of the PSD slope (pore population density/mean length of pore, R2=0.70), 
and PoA (R2=0.64) are the leading controlling factors in permeability of the remaining nine 
samples. In this study, the samples having similar porosities (samples 3 and 5, and samples 4 and 
6) have different distributions of pore sizes and different pore tortuosity, resulting in significant 
differences in the dominant pore diameters (149.3 μm and 42.6 μm, and 52.9 μm and 138.2 μm, 
respectively), the values of the PSD slope (-11 and -44, and -36 and -13, respectively) and PoA 
 ii 
(52 mm-1 and 140 mm-1, and 118 mm-1 and 62 mm-1, respectively). These data reveal that 
permeability increases with increasing dominant pore diameter and the PSD slope, while PoA 
decreases with increasing permeability. In addition to providing an estimation of permeability for 
the sandstones with similar porosity, this method can be extended to evaluate pore size 
distribution as a function of depth in a drill core, percent of pores in each class interval and pore 
types and pore geometry. 
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 Chapter 1:Introduction 
 
 Porosity and permeability are the most important rock properties in evaluating the 
hydrocarbon capacity of petroleum reservoir rocks. Their magnitude significantly influences the 
potential storage volume of hydrocarbons and fluid flow capacity in a rock, respectively (Tiab 
and Donaldson, 2004, p. 87). Permeability is defined as the ability of a rock to transmit fluids, 
and is measured in darcies or milidarcies (Ahmed, 2010, p. 65). The dimensions of permeability 
are length squared, often expressed as darcies (1 Darcy= 0.987x10-12 m2). However, porosity is 
a dimensionless quantity, and can be reported either as a decimal fraction (between 0 and 1) or as 
a percentage (between 0 and 100 %). Because it is practical to use by geologists and engineers, it 
is typically expressed as a percentage (Chierici, 1994). Porosity is a measure of a rock’s capacity 
to store fluids, and is mathematically expressed as the pore volume of the rock divided by its 
bulk volume: 
                                                                                                  
                                                                                  𝜙𝜙 = 𝑉𝑉𝑝𝑝
𝑉𝑉𝑏𝑏
                                                                       (1.1) 
 
where Φ is porosity, Vp is the total volume of the pore spaces in the rock and Vb is the total rock 
volume (Ezekwe, 2010, p. 1). In engineering classification, there exist two categories of porosity. 
Effective porosity is the interconnected pore space in the sample divided by total rock volume, 
whereas total (absolute) porosity is the total pore space divided by rock volume  (Donaldson and 
Tiab, 2004, p. 91-100). Of these, effective porosity is the most crucial parameter because 
permeability of a rock depends on its effective porosity. 
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  A widely used technique to measure porosity of rocks is the helium Gas Expansion 
method (Abtahi and Torsæter, 2003, p. 22). However, this method only measures interconnected 
(effective) porosity, and does not give any information about pore sizes or their distributions. On 
the other hand, Mercury Intrusion Porosimetry is a generally used method to determine the size 
distributions of pores in a solid material (Oya et al., 2002). Mercury Porosimetry has been used 
to characterize pore aperture size in oil/gas reservoir rocks by several researchers (Pittman, 1992; 
Pittman, 2001; Beiranvand, 2003; Gao and Hu, 2012; Gao and Hu, 2013), but is not widely used 
because of its expense. 
  
 1.1 Mercury Intrusion Porosimetry (MIP) Background 
 
 The term porosimetry encompasses measurements of size, distribution, volume, and other 
characteristics of pores in a porous material (Gao and Hu, 2012). In the mercury intrusion 
method, mercury is introduced under pressure into a high-pressure vessel containing the sample. 
As the pressure is increased, mercury invades smaller and smaller pores in the sample. Next, the 
porosimeter measures the volume of mercury forced into the pores for every small increments of 
pressure. The volume of invaded mercury is equal to the volume of pores (Beiranvand, 2003). In 
the mercury porosimetry technique, an equation called the Washburn equation, which assumes a 
cylindrical pore shape, is used to calculate the size of pores. This equation converts pressure to 
pore diameter. The size distribution of pores is determined based on the volume of mercury 
intruded into the pores as a function of pressure (Oya et al., 2002). Even though the Mercury 
Porosimetry is easy and rapid technique, it is limited when applied to materials that have 
irregular pore geometry (Abell et al., 1999). 
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  1.2 Limitations of the Mercury Intrusion Porosimeter (MIP) Method 
  
 The interpretation of data from the mercury intrusion porosimeter (MIP) method is based 
on many assumptions regarding pore geometry, contact angle effects, and connectivity models. 
For instance, it is assumed that the geometry of the pores is regular and cylindrical-shaped. 
Moreover, a constant contact angle between mercury and the solid porous material is used in the 
MIP method. However, the contact angle may differ because of the surface roughness or 
impurities on the mercury and the solid surface. One of the well-known drawbacks of the method 
is the “ink bottle” effect (Giesche, 2006). Ink- bottle type pores are large pores with smaller neck 
entrances. Mercury enters the smaller neck entrance at a pressure determined by the size of the 
neck entrance rather than the actual pore size. Thus, mercury porosimetry results always 
underestimate the actual pore sizes, and produce smaller pore sizes compared to optical 
micrographs (Giesche, 2006). As a result, the data interpretation of mercury porosimetry is 
complicated, and it provides an indirect pore size distribution technique (Enbaia, 2014). The 
mercury porosimetry technique also does not give any information about pore shape (tortuosity), 
which has an effect on permeability of the reservoir rocks. Furthermore, another significant 
disadvantage of the mercury method is that mercury injection tests are very costly, so they are 
rarely used (Pittman, 1992; Pitmann, 2001; Nabawy et al., 2009). 
 
 1.3 Characterization of Pore Spaces by Pore Size Distribution Method 
 
 Recent developments in imaging techniques coupled with the commercial success of 
extracting hydrocarbons from low porosity rocks have stimulated interest in the study of pore 
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 size distribution in sedimentary rocks (Clelland et. al., 1993; Anselmetti et. al., 1998; Eberli at. 
Al, 2004; Ehrenberg et. al., 2006; Weger et. al., 2009; Freez et. al., 2012; Hinai et. al., 2014; 
Nabawy, 2014). Because the transport properties of rocks are controlled by their pore structure, a 
quantitative understanding of pore size distribution in oil and gas bearing rocks is significant for 
developing exploration strategies as well as fluid flow modeling. Because oil and gas are stored 
within the pores and flow out of the reservoirs through connected pores, it is important to 
develop a quantitative understanding of the size distribution of pores. For example, two different 
reservoirs with the same porosity could have different pore size distributions resulting in one 
being productive while the other is not (Satter et. al, 2008). In the production of oil and natural 
gas, it is more important to know the pore size distributions rather than porosity alone because 
the distribution of pore sizes controls the permeability, which, in turn, controls the fluid transfer 
potential of the reservoir rocks. 
 In this study, a new method is proposed for analyzing pore size distributions, which 
combines 2D digital image analysis with an empirical equation to convert 2D to 3D (Wager, 
1961; Kirkpatrick, 1977; Cashman and Marsh, 1988). 
 
 1.4 Empirical Equation to convert 2D to 3D 
 
 Analysis of pore size distribution in a rock requires the evaluation of the population 
density of pores (n), which is the number of pores per unit volume in each class interval (class 
intervals of pore size) in a given rock. Even though it is relatively easy to measure the number of 
pores of different sizes per unit area in a thin section (NA), the challenge is to find a stereological 
solution to convert NA to number of pores per unit volume (NV). In this study, an empirical 
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 equation suggested by Wager (1961) and Kirkpatrick (1977, p.79) and later tested by Cashman 
and Marsh (1988, p. 303) has been used. Their test involved cementing four different sizes of 
lucite spheres (balls) in a box of known volume and sectioning the box serially. In each section, 
the number of cut balls per unit area was measured and the results were fitted into an empirical 
equation to obtain the correct NV. The best fit resulted in the following equation: 
 
                                                                       𝑁𝑁𝑣𝑣 = (𝑁𝑁𝐴𝐴)1.5                                                       (1.2) 
 
 In this research, digital image analysis was first used to determine the two-dimensional 
distribution of pores and Equation 1.2 was subsequently used to characterize the three-
dimensional pore size distribution in ten sandstone samples provided by the Texas Bureau of 
Economic Geology. Sandstone samples used in this research range from Late Cretaceous to 
Lower Miocene in age; the majority of which are from Late Cretaceous. 
 Digital image analysis has become practical over the past 30 years because of 
developments in new software. Consequently, several studies of sedimentary rocks have been 
conducted using the digital image analysis to characterize the pore size per unit area (NA) of a 
thin section (Clelland et al., 1993; Anselmetti et al., 1998; Layman, 2002; Eberli et al., 2004; 
Ehrenberg et. al, 2006; Weger et. al, 2009; Nabawy, 2014). In particular, Weger (2009) 
introduced a digital image analysis method to produce quantitative parameters of pore geometry, 
and managed to link these parameters with sonic velocity and permeability of carbonate rocks.  
Nevertheless, none of the studies above estimated the number of pores per unit volume (NV), 
which is necessary for the calculation of the population density of pores in a given rock. 
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  The main objectives of this study are 1) to determine the control of the size and sorting of 
the grains on permeability, 2) to determine the effects of pore size and pore tortuosity on 
permeability, 3) to determine the impact of cementation on reservoir properties, 4) to estimate 
three dimensional (3D) pore size distributions in given rocks, and 5) to characterize the variance 
of permeability for the rocks with the similar porosities using the pore size distributions in given 
rocks (3D). 
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Chapter 2: Methods of Investigation 
  
 A total of ten sandstone core plugs were procured from the Texas Bureau of Economic 
Geology, each with known formation name, age, depth, air permeability, and detrital clay 
content. Mean grain size, sorting, core porosity, and authigenic clay content for seven of these 
samples are also provided (Table 1). To be able to distinguish pores under a microscope, epoxy-
impregnated and polished thin sections with cover glass were obtained for this study.  
 Thin sections of the ten samples were investigated for distribution of the size/shape of the 
pores and grains. All measurements were done in the Len Larsen Digital Image Analysis Lab 
equipped with IP Lab image analyzer software at the University of Cincinnati. This laboratory 
has a polarizing microscope equipped with a Q- Imaging video camera, a computer, and IP Lab 
software (Fig. 2.1). Grain and pore size analyses were performed by segmentation of each 
individual grain or pore in thin sections. Segmentation, is a step to separate a pore or a grain 
from the background, and was performed by moving the cursor manually around the edge of 
each individual particle. After segmentation of each particle is completed, IP Lab image analyzer 
software automatically calculates the following geometric parameters for each particle: 1) major 
axis, 2) minor axis, (3) perimeter, 4) area, and 5) eccentricity. The geometric parameters are 
described in Table 2.
 7 
 Table 1. Location, formation, age, depth, sorting, mean grain size, core porosity, and permeability of ten samples. 
 
* Mean grain size and sorting were determined by measuring the long diameter of 100 grains per thin section. Sorting is expressed in 
phi standard deviation of grain size values. Mean grain size is reported in phi (Φ) and in mm. Porosity is the effective porosity and, is 
measured by the gas expansion method. Permeability measurements are permeability to gas. Permeability in sample 8,9, and 10 was 
measured by minipermeameter on slabbed core. All other permeability measurements are made by routine core analysis of 1inch plugs 
(S.P. Dutton, the Texas Bureau of Economic Geology, personal communication, 2015). 
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 In this research, grain size and pore size distribution analyses have been made using the major 
axes of pores and grains. Thus, in this study, the terms “pore size” and “grain size” correspond to 
the major axis of a pore or a grain. Additionally, the term “diameter” refers to the equivalent 
diameter (Equation 2.4), and was only used to determine the dominant pore diameter of the 
samples (as explained in the subtopic 2.2.3 below). The particles (pores and grains) that are 
visible with 10X and 20X magnifications (larger than 10 μm) were measured for the entire grain 
and pore size analyses. 
 
Table 2. Definition of the geometric parameters measured by IP Lab imaging software. 
 
 
 
 
Parameter Description 
Major axis and minor axis 
The longest and the shortest diameter of an ellipse that is best 
fitted to a particle. 
Area 
Calculation of the area of a particle as an aggregate of square 
pixels. 
Perimeter 
Perimeter of an object is determined by 1) measuring across the 
diagonal of pixels that make up non-horizontal and non-vertical 
sides, and 2) using the pixel method (treats a particle as an 
aggregate of square pixels) to measure sides that are parallel 
with the image’s edge. 
Eccentricity A measure of circularity or elongation of a particle. 
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Figure 2.1. Nikon Eclipse E600 Polarizing microscope (A), Q-imaging video camera (B), A 
computer (C), and IP Lab software (D).
A 
C D 
B 
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  2.1 Petrography 
  2.1.1 Sandstone Composition 
 
  Petrographic analyses of the samples were made by the point-counting method using a 
polarizing microscope (Figure 2.1). Four hundred points were counted per thin section using a 
mechanical stage to estimate the composition of the samples as suggested by Tucker (1991, p. 
47). Besides pores, major minerals (quartz and feldspar) and rock fragments, mica, calcite 
cement, and other minerals (hematite, limonite, glauconite) were also counted. The samples were 
then classified according to the sandstone classification proposed by Folk (1980). Textural 
maturity (Folk, 1980, p. 101) and grain contacts (Taylor, 1950, p.707) of the samples were also 
determined.  
 
  2.1.2 Mean Grain Size and Sorting 
 
 Five hundred framework grains were outlined (segmented) per thin section (Figure 2.2) 
to compute mean grain size and sorting of the samples. Framework grains refer to sand-sized 
grains ranging from 0.0625 mm to 2mm in diameter (Syed et al., 2010, p. 19). The framework 
grains range from very fine sand to very coarse sand according to the Udden-Wentworth grain 
size scale (Boggs, 1992, p. 37). Major axis values of the 500 grains for each thin section were 
converted into their equivalent Φ (phi) values using Equation 2.1 (Boggs, 1991, p. 36) below:  
 
                                                                         𝛷𝛷 = −𝑙𝑙𝑙𝑙𝑙𝑙2𝑆𝑆                                                       (2.1) 
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 where Φ is phi size and S is grain size (major axis) in millimeters. Quarter Φ size classes were 
used to compute the moment statistics and the computations are tabulated below for one of the 
samples (Table 3). 
 
 
Figure 2.2. Snapshot showing outlining (segmentation) process of several quartz grains  
 
The equations below were used to calculate mean grain size (Equation 2.2) and sorting (Equation 
2.3) of the samples using the logarithmic method of moments (Boggs, 1992, p. 45-46): 
 
                                                                                𝑥𝑥Φ = ∑𝑓𝑓𝑓𝑓𝑛𝑛                                                                  (2.2) 
 
                                                                                 𝜎𝜎𝜙𝜙 = �∑𝑓𝑓(𝑓𝑓− 𝑥𝑥𝜙𝜙)2/100                                (2.3) 
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 where xΦ is mean grain size, f is the weight percent in each class interval, m is the midpoint of 
each class interval, and n is the total number of grains; 100 when f  
is in percent, and σΦ is sorting. 
 
Table 3. Procedure used to calculate mean grain size and sorting of sample 1 using quarter Φ size 
classes. 
 
 
 2.2 Pore Size Distribution Analysis 
  2.2.1 Image Preparation 
 
  Pores that are visible with 10X and 20X magnifications have been segmented (outlined) 
for the entire pore size analysis. Because the images taken under the microscope with these 
magnifications cannot cover the whole thin section area, thin sections were divided into smaller 
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 areas. For this purpose, squares were drawn on the backside of the thin sections that have about 
452 mm2 of a surface area (Figure 2.3 and Figure 2.4).  
 
        
Figure 2.3. Simulation of the squares drawn           Figure 2.4. Each thin section has about 12mm 
on backside of a thin section.                                   radius with 452 mm2 of a surface area. 
 
 
The squares were also used as a guide to prevent segmentation of the same pore repeatedly. All 
drawings have been made with red ink in order to clearly see them under the microscope. After 
the squares were drawn, snapshots were taken by the Q-Imaging video camera. When the image 
of the thin section appeared on the screen of the computer, snapshots were taken and saved.  
  
  2.2.2 Pore Size Distribution Analysis from Thin Sections (2D) 
 
 Numerous snapshots were taken for each thin section and pore size measurements were 
made by segmentation of pores in the snapshots (Figure 2.5). Next, the software calculated major 
axis values of the segmented pores. Finally, histograms have been made to determine frequency 
distribution of pores based on the major axes of the pores measured by the software. Discrete 
pore size classes were used in these histograms to be able to compare the distribution of pore 
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 sizes (0-50 μm, 50-100 μm, 100-200 μm, 200-400 μm, 400-800 μm, 800-1600 μm, and >1600 
μm). The whole process is illustrated in a flow diagram below (Figure 2.6). 
 
 
Figure 2.5. A petrographic image showing segmentation (green outlines) of several pores in a 
snapshot (blue epoxied areas represent pore spaces in the snapshot). 
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 Figure 2.6. Flow diagram for obtaining pore size distribution from thin sections (2D) and relating 
the distributions of pores with permeability. 
 
  2.2.3 Determining the Dominant Pore Diameter 
 
 Dominant pore diameter of all pores identified in a thin section was calculated following 
the steps below (Weger, 2006, p. 64-67): 1) All individual pores that were identified in a thin 
section were expressed as “equivalent diameters”.  Equivalent diameter is the diameter of a circle 
with the same area corresponding the identified pore (Weger, 2006), and calculated as follows: 
 
Draw squares on the backside of thin section to divide it into smaller areas   
Transfer the major axes data into an Excel sheet  
 Outline visible pores in the snapshots and measure major axes  
 Take snapshots in each square and save them 
Determine the percent  (%) of pores in each pore size class  
 Make frequency histograms using the discrete pore size classes 
  Compare permeability of the samples using the mode classes  
 
 
 Determine the number of pores in discrete pore size classes 
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                                           𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑙𝑙𝐸𝐸𝑛𝑛𝐸𝐸 𝑑𝑑𝐸𝐸𝐸𝐸𝑓𝑓𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑 =  2�𝐴𝐴
𝜋𝜋
                                                                  (2.4) 
 
where A is the area of a pore. 2) The equivalent diameter was plotted against total pore space 
area (%) and cumulative histograms were made. 3) A cumulative area curve was drawn and the 
dominant pore diameter was determined as the equivalent diameter corresponding to the 50% of 
the total pore space, as termed by Weger, (2006, p. 67). To put it another way, the dominant pore 
diameter is the biggest diameter of pores required to fill half of the pore space in a given thin 
section. A cumulative histogram of sample 1 is shown in Figure 2.7. Dominant pore diameters of 
the ten samples in this study have been determined, and related with permeability of the samples. 
 
 
 Figure 2.7. Cumulative histogram made for determining dominant pore diameter of sample 6. 
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   2.2.4 Pore Shape Analysis  
 
 Three geometric parameters, derived from thin sections, have been used for analyzing 
pore shape in this study: 1) gamma (γ), 2) eccentricity (e), and 3) perimeter over area (PoA). 
 Gamma (γ) expresses the roundness of the pore, which was defined by Anselmetti et. al., 
(1998) as the perimeter over an area of an individual pore normalized to a circle, and thus has a γ 
value of 1 for perfect circles (Weger, 2009). Gamma is a dimensionless quantity and is 
calculated using the equation below: 
 
                                                                                   𝛾𝛾 = 𝑃𝑃2√𝜋𝜋𝐴𝐴                                                                 (2.5) 
 
where P is the perimeter of a pore in μm, A is the area of a pore in μm2. The area-weighted mean 
of gamma (γω) has been used throughout this research by weighing the individual γ by the pore 
area (Anselmetti et. al., 1998): 
 
                                                                              γω  = ∑(𝐴𝐴 𝑥𝑥 γ)
∑𝐴𝐴
                                                          (2.6) 
 
Because larger pores are much more significant for the reservoir properties of the whole rock, 
this operation aims to prevent a large number of small pores with particular geometries from 
dominating the less abundant larger pores with distinct geometry (Anselmetti et. al., 1998, 
p.1827). 
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  Eccentricity (e) is a measure of the circularity of the ellipse that encloses the pore and it 
is 0 for perfect circles and approaches 1 for extreme ellipses. It is a dimensionless quantity, 
calculated using the equation below: 
 
                                                                                   𝐸𝐸 = √𝐸𝐸2 − 𝑏𝑏2
𝐸𝐸
                                                         (2.7) 
 
where e is eccentricity, a is the major axis, and b is the minor axis of a pore. In this study, the 
average eccentricity, which expresses the degree of elongation of the pores in a thin section 
(Hinai et. al., 2014), was calculated for ten samples. 
 The complexity of pore shape affects the permeability of a rock and thus the more twisted 
and bended pores a rock has, the more tortuous it is, creating longer paths for fluid to flow 
through rock. Tortuosity is expressed as the actual distance that fluid takes divided by the 
straight-line distance (Ehrenberg et. al., 2006; Hoeksema, 2014). A parameter, called PoA, is 
used to express tortuosity of the samples throughout this study (Weger, 2006). The unit for PoA 
is mm-1 and, is calculated as follows: 
 
                                                                             PoA = 𝑃𝑃
𝐴𝐴
                                                                        (2.8) 
 
where PoA is the overall tortuosity of the pores in a thin section, P is the total perimeter of the 
pore spaces in mm, and A is the total area of the pore spaces in mm2. PoA can be used as an 
indicator of two-dimensional specific surface, the proportion between pore surface and pore 
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 volume (Weger et. al., 2009). PoA is calculated for all ten samples in this research, and plotted 
against permeability to be able to understand the relationship between the two. 
 Figure 2.8 below illustrates six different shapes showing difference in the shape 
parameters. The three shapes shown on the right are more complicated, twisted features, while 
the three shapes on the left have more smooth and simple forms. Gamma does not show much 
sensitivity to size of the shapes, changing little from the top row to the bottom row. However, it 
changes remarkably from the right column to the left column. For example, shape 5 with twisted 
features has higher value of γ compared to the shape 2 with smooth outline. On the other hand, 
PoA does show sensitivity to both the size of the shape and the edginess of the shape. Not only it 
changes notably from the left column to the right column but it also changes markedly from the 
top row to the bottom row. For instance, shape 3 with smaller size has the highest value of PoA 
in three shapes on the left. Moreover, shape 6 has the highest PoA in six samples because it is 
not only the smallest shape but also the most twisted one in six shapes. 
 Eccentricity, shows neither sensitivity to the size of the pore nor the edginess of the pore, 
but only determines the elongation of the ellipse that best fits the pore. For example, the 
eccentricity values of shapes 2 and 3 (Figure 2.8) are very close to each other, indicating 
insensitivity to the size of the shapes. Additionally, shapes 2 and 5 have almost the same 
eccentricity value, expressing insensitivity to the edginess of the shapes (Figure 2.8). 
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Figure 2.8. Six different shapes showing variance in the shape parameters (γ is the roundness, 
PoA is the pore complexity (overall tortuosity), and e is the degree of elongation of the pores).  
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  As a result, both the γ and PoA show more sensitivity to surface edginess than to total 
roundness of the pores. However, PoA recognizes both surface edginess and the size of the pore 
and hence, the gamma and PoA differ in sensitivity to the size of the pore. Samples with high 
numbers of small pores have larger specific surface areas compared to the ones with large pores 
filling the same space. Even supposing these small pores are perfect circles, PoA produces lower 
values implying higher specific surface area. On the contrary, γ is more focused on the total 
roundness of these smaller pores for the samples with abundant small pores (Weger, 2006, p. 77-
81). 
 Several outlined pores, taken from sample 7 and sample 5, which vary in the geometrical 
parameters are illustrated in Figure 2.9 below. To be able to see the relationship between pore 
size/shape and the geometrical parameters, samples 7 and 5, which vary widely in pore 
size/shape, were especially selected for the illustration. There is a significant difference in the 
values of PoA between the two samples. Sample 7, which contains larger pores, has a lower 
value of PoA (20 mm-1), while sample 5, which consists of considerably smaller pores, has a 
higher value of PoA (144 mm-1), implying higher specific surface area. Additionally, pores in 
sample 7 are less elongated and occupy less oval space, so the eccentricity value of sample 7 is 
also smaller (0.83). On the other hand, sample 5, comprised of more rounded pores with 
smoother boundaries, has a higher value of average gamma (γ). 
 
 
 
 
 
 22 
  
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.9. Two snapshots showing the outlined pores (blue areas) in samples 7 and 5 and their 
difference in the geometrical parameters. γ, e, and PoA represent average roundness/edginess, 
average eccentricity, and overall tortuosity respectively (light blue colored area represents largest 
pore of all outlined pores).  
 
SAMPLE 7SAMPLE 7   
  
SAMPLE 5 
 
PoA = 144 mm-1 
 
γ = 1.46 
 
e = 0.89 
 
 
SAMPLE 7 
 
PoA= 20 mm-1 
 
γ = 1.55 
 
e = 0.83 
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   2.2.5 Estimating Pore Size Distribution in A Given Rock (3D) 
 
 Once the major axes of all pores in a thin section were measured, calculations were made 
that are similar to those used in the Crystal Size Distribution (CSD) theory (Marsh, 1988). In the 
Excel sheet, the major axes of all pores measured in a thin section were arranged in descending 
order according to the size. The pore that has the largest major axis in a thin section was verified 
and a geometric series was used to calculate the class intervals of different pore sizes. A 
geometric series (Equation 2.9) is a sequence of numbers where each term after the first is found 
by multiplying the previous term by a constant r, called the common ratio (P. Calter and M. 
Calter, 2011, p. 600): 
 
                                                                            𝐸𝐸𝑛𝑛 = 𝐸𝐸1. 𝑑𝑑𝑛𝑛−1                                                      (2.9) 
 
                                                                          𝑑𝑑 = 10−0.07 = 0.8511                                    (2.10) 
 
where a1 is the first term (the largest major axis), r is the common ratio, n is the number of the 
class intervals. Equation 2.10 has been used as the common ratio (r) throughout the study. All of 
the parameters calculated below are illustrated in Table 4. 
 The columns A and B in Table 4 show the class intervals of pores in a thin section. 
a1= 0.88 mm, the largest pore size (major axis) in the sample 
a2= (0.88)*(0.8511)1= 0.75, therefore the first class interval is 0.75-0.88 
a3= (0.80)*(0.8511)2= 0.64, therefore second class interval is 0.64-0.75 
a4= (0.80)*(0.8511)3= 0.55, therefore third class interval is 0.55-0.64 
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 Determining the class intervals above (Column A and B) continues until there are no measured 
pores in a class interval. For instance, all pores that were identified in the thin section were larger 
than 0.07 mm for the sample shown in Table 4. 
 Column C illustrates the range values, calculated using Equation 2.6 below: 
                                                                         𝑅𝑅𝐸𝐸𝑛𝑛𝑙𝑙𝐸𝐸 = 𝐿𝐿𝑓𝑓𝐸𝐸𝑥𝑥 − 𝐿𝐿𝑓𝑓𝐸𝐸𝑛𝑛                                          (2.11) 
 
where Lmax is the maximum size and Lmin is the minimum size for a class interval. 
 
Table 4. Form for computing class intervals, range, f, NA, Nv, n, Lmean, and ln(n) of pores in 
sample 2 (The form only includes part of the data in sample 2 for the illustration). 
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 The thin sections used in this study are circular in shape with a radius of 12 mm so surface area 
(A) of each thin section is equal to 452 mm2 (Figure 2.4). The number of pores per unit area for 
each class interval (NA) is calculated using Equation 2.12 below:                           
                                                                                𝑁𝑁𝐴𝐴 = 𝑓𝑓
𝐴𝐴
                                                                     (2.12) 
 
where f is the number of pores in each class interval and A is the surface area of a thin section. 
The values of NA and f are indicated in column E and column D respectively (Table 4). After 
determining NA (2D), the number of pores per unit volume in each class interval (3D), called Nv, 
was calculated by using the Equation 1.2. Column F indicates the values of NV (Table 4). 
 Finally, the number of pores per unit volume per unit interval (n) was computed by using 
Equation 2.13 below: 
 
                                                                                  𝑛𝑛 =  𝑁𝑁𝑣𝑣
𝑑𝑑𝐸𝐸𝑛𝑛𝑙𝑙𝐸𝐸
                                                            (2.13) 
 
The values of n (also called the population density of pores) are listed in column G (Table 4).  
Lmean is the average size of a class interval, and is calculated by using the Equation 2.14 below: 
 
                                                                   Lmean = (𝐿𝐿𝑓𝑓𝐸𝐸𝑛𝑛 + 𝐿𝐿𝑓𝑓𝐸𝐸𝑥𝑥)/2                                      (2.14) 
 
Column H (Table 4) indicates the values Lmean for each class interval. 
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  The last column (column I) in Table 4 shows the natural logarithm (ln) values of n for the 
different class intervals, which were plotted against Lmean for all samples in this study. 
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 Chapter 3: Results and Discussion 
 3.1 Petrography 
  3.1.1 Sandstone Composition 
 
 Point-count results of the ten samples are shown in Table 5 below. Most of the samples 
are feldspathic litharenites and litharenites, with the exception of one sublitharenite (Figure 3.1). 
Rock fragment content exceeds feldspar content in all ten samples. 
 
Table 5. Point-counting results showing composition of the samples (Qm=monocrsytalline 
quartz, Qp=polycrystalline quartz). 
 
 
 Litharenites in this study (samples 4, 5, 9, and 10) have, generally, less than 10% of 
feldspar content. Yet, the feldspar content constitutes almost 10% of sample 9, which resulted in 
secondary porosity due to the dissolution of feldspars (Figure 3.6: 9A and 9B). The rock 
fragment content of the samples varies from 33% to 54%, having the lowest value in sample 9 
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Figure 3.1. Classification of ten sandstone samples using Folk’s (1980) classification 
 
 
and the highest value in sample 5. A high percentage of muscovite minerals were counted in 
samples 4 and 5, which, respectively, constitutes 6.75% and 2.5% of the whole rock volume. The 
quartz component of the samples ranges from 16% to 33%, averaging about 25%. 
Monocrystalline quartz grains are quite dominant in these samples, composing more than 85% of 
the total quartz volume in each sample. There are also abundant glauconites detected in sample 5 
as green, rounded pellets (Figure 3.4: 5A and 5B). All of the samples have less than 10% calcite 
cement and ample hematite cement (6.75%) was observed in only sample 10. The permeability 
of the litharenites in this study ranges from 7 md to 135 md (Table 1). The grains are angular to 
subrounded in these samples (Figures 3.3: 4A and 4B; 3.4: 5A and 5B; and 3.6). Sample 4 
comprises the most rounded grains, whereas sample 5 consists of the least rounded grains in the 
four samples. 
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  Half of the samples in this study (samples 2, 3, 6, 7, and 8) are feldspathic litharenites, 
with a feldspar content ranging from 5% to 16%, and averaging about 12%. The quartz 
component of the samples is relatively higher in these samples compared to the litharenites, 
varying from 23% to 45%, averaging about 33%. Monocrystalline quartz grains are also more 
abundant in the samples of this group, making up of more than 80% of the total quartz volume in 
each sample. Compositional maturity increases with increasing quartz constituent of a sandstone 
(Boggs, 2006, p. 130). For example, the most abundant quartz in this group was observed in 
sample 2, which implies more stable conditions to the chemical weathering. The rock fragment 
constituent of the samples in this group is relatively lower than the litharenites because of a 
general increase in quartz and feldspar percentage. Most of the feldspathic litharenites contain 
more than 10% calcite cement (Table 5), while samples 6 (0%) and 7 (1.75%) contain only 
minor calcite cement. Therefore, the permeability of the samples in this group varies widely from 
50 md to 2120 md (Table 1). Grains are angular to well rounded in these five samples and it is 
notable that grains in samples 8, 3, and 2 are better rounded compared to samples 6 and 7 
(Figures 3.2: 2A and 2B; 3.3: 3A and 3B; 3.4; and 3.5). 
 Finally, sample 1 (Figure 3.2; 1A and 1B) is the only sublitharenite, which has 59% 
quartz, 8% rock fragment, and no feldspar. Sample 1 contains the largest percentage of quartz, so 
it is the most compositionally mature of all ten samples. Also, the highest percentage of 
polycrystalline quartz was detected in sample 1 with 18% whole rock volume. Monocrystalline 
quartz makes up of 69% of the total quartz volume. Abundant quartz overgrowth and blocky 
calcite cement were observed in sample 1, which cause a significant reduction in porosity of the 
sample. The permeability of sample 1 is extremely low (0.15 md) because of extensive calcite 
cementation. Grains are generally subrounded to rounded in sample 1. 
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 Figure 3.2. Sample 1 (1A and 1B)-subangular-to-subrounded sublitharenite with abundant quartz 
overgrowth (blue arrows) and extensive calcite cement (C). Sample 2 (2A and 2B)-rounded-to 
subangular feldispathic litharenite with minor hematite cement (Q= quartz, C= calcite cement, 
H=hematite cement, and the blue areas (P)= blue epoxied pores).  
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 Figure 3.3. Sample 3 (3A and 3B)-subrounded-to angular feldispathic litharenite with calcite 
cement. Sample 4 (4A and 4B)-rounded-to-subangular micaecous litharenite. (Q= quartz, F=  
feldspar, M= muscovite, C= calcite cement, R.f = Rock fragment, and the blue areas (P)= blue 
epoxied pores). 
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Figure 3.4. Sample 5 (5A and 5B)-angular-to-subrounded micaecous litharenite. Sample 6 (6A 
and 6B)-angular-to-subrounded feldispathic litharenite with feldspar dissolution that resulted in 
secondary pores (light blue areas). (Q= quartz, M= muscovite, F= feldspar, C= calcite cement, 
G= glauconite, and the blue areas (P)= blue epoxied pores). 
300 μm 300 μm 
300 μm 300 μm 
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 Figure 3.5. Sample 7 (7A and 7B)-angular-to-subrounded feldispathic litharenite. Sample 8 (8A 
and 8B)-subangular-to-well-rounded feldispathic litharenite with abundant calcite cement. (Q= 
quartz, F= feldspar, C= calcite cement, and the blue areas (P)= blue epoxied pores). 
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  Figure 3.6. Sample 9 (9A and 9B) subrounded-to-rounded litharenite. Sample 10 (10A and 10B)-  
 angular-to-subrounded litharenite with extensive hematite cement. (Q= quartz, F= feldspar, H=  
 hematite cement, C= calcite cement, R.f= Rock fragment, and the blue areas (P)= blue epoxied   
 pores). 
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  3.1.2 Mean Grain Size and Sorting 
  
 The values of mean grain size and sorting of the first seven samples in this study were 
reported by the Texas Bureau of Economic Geology and they range from lower medium to lower 
very fine sandstone (Table 1). Sorting ranges from moderately well sorted to very well sorted in 
the Folk (1980) sorting classification (Table 1). The calculated mean grain size of the ten 
samples in this research also ranges from lower medium to lower very fine sandstone (Table 6).  
 
 
Table 6. Mean grain size of the samples in this   
study ranges from 0.100 mm to 0.350 mm and 
sorting varies from 0.35 to 0.55 phi.  
Table 7. The calculated results of 
sorting agree with the calculated 
results for the majority of the 
samples. 
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 The sorting, determined in this study, varies from moderately well sorted to very well sorted, the 
majority of which are moderately well sorted and well sorted (Table 7). While the mean grain 
size results determined in this study are nearly identical to the reported results for the first three 
samples, they are greater than the reported results for the last four samples (Figure 3.7). 
 
  
Figure 3.7. The calculated mean grain size in this study is higher than the reported results for the 
majority of the samples. 
 
The sorting reported by the Bureau agrees with the sorting computed in this study for the 
majority of the samples (Table 7). On the other hand, while sample 4 and sample 5 have better 
sorting compared to the reported results, sample 3 was found to be less well sorted compared to 
the bureau results. Therefore, the reported and the calculated results in this study yield little 
difference. The following two reasons can explain this: 1) the measured number of grains per 
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 thin section and 100 grains per thin section, respectively) and 2) the reported method measured 
the long diameters of the grains in thin sections, while the longest diameters of ellipses that 
enclose the grains were measured in this study. 
 
  3.1.3 Textural Maturity 
 
 Textural maturity refers to the textural characteristics of a particular sediment and Folk 
(1980, p. 100) defined three textural properties that constitute the textural maturity of sandstones: 
1) the amount of detrital clay in the rock 2) the sorting of the framework grains, and 3) the 
roundness of the framework grains. Based on the three textural parameters above, Folk (1980) 
described four different stages that a sediment passes sequentially: 1) immature stage 2) 
submature stage, 3) mature stage, and 4) the supermature stage. The textural maturity of the 
samples in this study ranges from the immature stage to the supermature stage, as illustrated in 
Figure 3.8. While the only immature sample is sample 4, which contains 15.4% detrital clay; 
samples 1, 3, and 8 are in the supermature stage, which contain the best rounded and the best 
sorted grains with no detrital clay (Figure 3.8). There is a wide variance in the volume of cement 
in the ten samples. Nevertheless, the textural maturity of a sediment discounts the volume of 
cement and authigenic clay content in the samples, so there is no apparent relationship between 
the textural maturity and reservoir properties of the samples (porosity and permeability).
 38 
  
 
Under 0.5 Φ Sorting, σΦ 
Under 5 % 
then 
determine 
Clay Content Roundness 
Over 0.5 Φ Over 5 % 
Subrounded 
to well- 
rounded 
 Very 
angular to 
subangular 
Sample 4 
Sample 1 
Sample 3 
Sample 8 
 
Sample 5 
Sample 10 
 
  
Sample 2 
Sample 6 
Sample 7 
Sample 9 
IMMATURE SUBMATURE 
SUPERMATURE MATURE 
Figure 3.8. Textural maturity of the samples are illustrated according to the Folk’s textural maturity flow (1980) 
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   3.1.4 Compaction and Packing 
 
 Packing depends on a combination of variables, which are grain size and shape, sorting, 
and grain orientation (Boggs, 1992, p. 66). Packing changes with burial depth and compaction, 
and affects the porosity and permeability of rocks, thus determining reservoir rock quality. Evans 
(1997) stated that packing changes with burial compaction and reduces the size of pore throats 
and eventually decreases permeability. In this research, Taylor’s (1950, p.707) grain contact 
types were used to express packing of grains and to relate them with the depth of burial. He 
described five different grain contacts that may indicate the burial compaction: 1) floating 2) 
point, 3) long, 4) concavo-convex, and 5) suture contacts. 
 Most of the samples in this study generally have point, long, and concavo-convex 
contacts between grains. However, there is an obvious increase in the number of concavo-convex 
contacts (Figure 3.9) in sample 3, and a clear increase in the number of sutured contacts in 
sample 6. As Taylor (1950, p. 701) pointed out, concavo-convex and sutured contacts are 
generally developed by pressure. Thus, the ample concavo-convex and sutured contacts in 
samples 3 and 6 may suggest that these contacts were developed by burial pressure (Figure 3.9). 
 Sutured contacts were only detected in the samples whose cores were drilled in deeper 
than 4000 m (samples 1, 2, 3, 6, and 7). Of these samples, sample 2 (26%) and sample 7 (30.6%) 
were packed to maximum porosity with particularly point and long contacts between grains. 
These two samples, however, vary in the volume of calcite cement. While sample 7 contains 
very low calcite cement (1.75%), sample 2 has a high degree of calcite cementation (23.8%). The 
lower calcite cement content of sample 7 coupled with the loose packing resulted in very high 
permeability (2119 md). 
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 Figure 3.9. Packing arrangements of samples 3, 6, 7, and 9. (C= concavo-convex contacts, L= long contacts, P= point contacts, S=     
 sutured contacts). 
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   The half of the samples (samples 4, 5, 8, 9, and 10), which have shallower depths (<4000 
m) comprise predominantly point and long contacts and minor concavo-convex contacts between 
grains. Taylor (1950, p. 710) explained, “long contacts may result from original packing of 
grains with straight sides or edges, from precipitation of secondary cement, or from pressure”. 
Thus, the existence of abundant point and long contacts in samples 8, 9, and 10 (Sego 
Sandstones) are probably the result of original packing of the grains because of their very 
shallower depth (about 250 m).  Sample 9 consists of the most loosely packed grains of the three 
samples, which resulted in greater permeability (Figure 3.9). Additionally, samples 4 and 5 have 
more long and concavo-convex contacts between grains compared to the Sego Sandstones. The 
presence of the relatively higher numbers of long and concavo-convex in these two samples are 
presumably due to the pressure because of their tighter packing arrangement, which created 
lower permeability. 
 
 3.2. Reservoir Properties (porosity and permeability) 
  3.2.1 Correlation Between Porosity and Permeability 
 
 The uncorrected air permeability of all ten samples in this study and the helium porosity 
of the seven samples were provided by the Texas Bureau of Economic Geology. While the 
porosity of the seven samples ranges from 4% to 31%, the majority of the samples have “good” 
porosity; the permeability of ten samples varies broadly, from 0.1 md to 2120 md, and the 
majority of the samples have “good” permeability. Levorsen’s (1967) classification (as cited in 
Shepherd, 2009, p.67) was used to categorize the porosity and permeability of the samples, and 
the results were tabulated in Table 8 and Table 9 respectively. 
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The porosity-permeability relationship of sandstone reservoirs are relatively easier to model 
compared to carbonate reservoirs (with permeability streaks) because of the relatively 
homogeneous structure of the sandstones (Ehrenberg and Nadeau, 2005; Satter et. al., 2008, 
p.36). Reservoir engineers need to know every possible detail about the rock permeability 
because it controls the oil production rate in a reservoir. Therefore, it is essential to predict 
permeability of a rock to assess reservoir performance. Within this context, in many sandstone 
reservoirs researchers have developed several approaches to correlate permeability with porosity 
(Chierici, 1994, p. 82; Nelson, 1994; Tiab and Donaldson, 2004, p. 105-107). Basic models plot 
permeability versus porosity values on a semilog scale, and identify a detectable trend. In this 
study, the seven samples whose helium porosity is provided correlates well with permeability, 
and show a good positive relationship (Figure 3.10). Porosity alone accounts for about 73 % of 
the variation in permeability of the seven samples. The unexplained 27 % of the variation in 
permeability is probably associated with the difference in the pore size distribution, cement 
volume, grain size, complexity of pore shape (PoA), and the dominant pore diameter of the seven 
 
Table 8. Porosity of the seven 
samples categorized by Levorsen’s 
(1967) classification 
Table 9. Permeability of all samples in 
this study classified by Levorsen’s 
(1967) classification 
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 samples. Nelson (1994) concluded that the porosity of rocks that contain similar pore types 
might be expected to correlate with permeability (Ehrenberg et. al., 2006, p. 1313). Therefore, 
this good correlation may suggest that there is not a significant difference in pore types of the 
seven samples. 
 
 
Figure 3.10. Good positive correlation between the helium porosity and permeability of the 
seven samples. 
 
  3.2.2 Effects of Texture on Porosity and Permeability 
 
 The texture of sandstone has a direct effect on pore type and geometry. Beard and Weyl 
(1973) listed the most essential textural properties as follows: 1) grain size, 2) sorting, 3) 
sphericity of grains, 4) roundness of grains, and 5) packing. Out of the five, the most crucial ones 
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 are grain size and sorting, whereas sphericity, roundness, and packing have a minor importance 
in terms of the reservoir properties.  
 The helium porosity of the seven samples provided shows a negative correlation with the 
calculated grain size of the seven samples in this study as illustrated in Figure 3.11 below.  
 
 
Figure 3.11. Poor negative correlation of the porosity with the calculated grain size of the seven 
samples in this study. 
 
Beard and Weyl (1973) showed, however, that porosity is greatly independent of grain size for 
unconsolidated sand that has the same sorting (as cited in Hartmann and Beaumont, 2000, p. 79). 
The negative correlation between grain size and permeability of the nine samples may be due to 
the variance in the sorting, volume of cement, and packing. 
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  Many studies show that permeability increases with increasing grain size because of 
accompanying increase in pore and pore throat size (Hartmann and Beaumont, 2000; Tiab and 
Donaldson, 2004; Satter et. al., 2008; Nabawy et. al., 2009; Nelson, 2009). The permeability of 
the ten samples does not correlate with the calculated mean grain size in this study, as shown in 
Figure 3.12A below. However, if one removes the data point of sample 1 (that has extensive 
calcite cement and, eventually, “negligible” porosity), the correlation improves. A weak positive 
correlation was indicated between mean grain size (in mm) and permeability of the nine samples 
(Figure 3.12B). Thus, as grain size of the nine samples increases, permeability increases. 
 
 
Figure 3.12 A) Ten samples shows no clear relationship between permeability and the grain size. 
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Figure 3.12 (continue) B) Positive correlation was indicated between the grain size and the 
permeability of the nine samples (the data point of sample 1 is removed). 
 
  Another important textural parameter that controls porosity is sorting (Beard and Weyl, 
1973). Sorting strongly correlates with porosity in unconsolidated sandstones. In this 
investigation, a positive correlation was indicated between the provided helium porosity and the 
calculated sorting values (in phi) of the seven samples (Figure 3.13). Thus, as sorting of the 
samples decreases porosity increases. Theoretically, however, porosity increases with increasing 
sorting. This inverse relationship may suggest that porosity of these seven samples is 
predominantly controlled by cement volume, the other textural factors (roundness, sphericity, 
and packing), and the composition of the sandstones.  
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Figure 3.13 Weak positive correlation between porosity and sorting values (in phi) of the 
samples. 
 Permeability is also influenced by the variance in sorting of the grains (Beard and Weyl, 
1973). Hoeksema (2014) noted that permeability increases with an increase in the degree of 
sorting as small grains tend to fill pore spaces between large grains. In this study, there is a very 
weak relationship between sorting (phi) and permeability of the ten samples as shown in Figure 
3.14A. Yet, extensive calcite volume in sample 1 destroys fluid flow capacity, outweighing all of 
the parameters that control permeability. Thus, the data point of sample 1 may be removed. If 
one removes the data point of sample 1, the correlation increases, as indicated in Figure 3.14B. 
However, the permeability of the samples increases with a decrease in the degree of sorting (an 
increase in the sorting values in phi, Figure 3.14B). This inverse relationship may suggest that 
permeability is predominantly controlled by cement volume, mean grain size, pore size 
distribution, and tortuosity of the pores (PoA). 
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Figure 3.14 A) Weak positive correlation between sorting (in phi) and permeability of the ten 
samples, B) Moderate positive correlation between sorting (in phi) and permeability of the nine 
samples (the data point of sample 1 is removed). 
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  3.3 Pore Size and Its Distribution Analysis from the Thin Sections (2D) 
 
 The samples in this study show different distribution patterns in the histograms but they 
can be grouped based on their “mode classes” that are identical for some of the samples (Figures 
3.15, 3.16, 3.17, 3.18, and 3.19). In this document, the term “mode class” is defined as the pore 
size class (interval) having the highest percentage of pores in a sample as shown in Figures 3.15, 
3.16, 3.17, 3.18, and 3.19. For example, the mode class of sample 1 is (100-200) μm in Figure 
3.14. While the core samples of the seven samples in this study were drilled in deeper formations 
(> 3000 m), drilling depth was shallower than 300 m for the last three samples (Table 1). Thus, 
these three shallower samples, Sego Sandstones, were analyzed separately because of their looser 
packing. Analyzing the histograms of pore size distribution reveals that the first seven samples 
can be classified into three main groups according to their mode classes (Table 10). 
 
Table 10. Classification of the seven samples based on their mode classes 
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Figure 3.15. Histograms of pore size distribution of sample 1 and sample 2. (FDP: frequency distribution of pores, PDP: percent 
distribution of pores). L is the major axis of the pores and expressed in micrometer (μm).  
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Figure 3.16. Histograms of pore size distribution of sample 3 and sample 4. (FDP: frequency distribution of pores, PDP: percent 
distribution of pores). L is the major axis of the pores and expressed in micrometer (μm).  
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Figure 3.17. Histograms of pore size distribution of sample 5 and sample 6. (FDP: frequency distribution of pores, PDP: percent 
distribution of pores). L is the major axis of the pores and expressed in micrometer (μm).  
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Figure 3.18. Histograms of pore size distribution of sample 7 and sample 8. (FDP: frequency distribution of pores, PDP: percent 
distribution of pores). L is the major axis of the pores and expressed in micrometer (μm).  
 54 
  
Figure 3.19. Histograms of pore size distribution of sample 9 and sample 10. (FDP: frequency distribution of pores, PDP: percent 
distribution of pores). L is the major axis of the pores and expressed in micrometer (μm). 
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  The samples in Group 3 have the largest mode class of the three groups, so sample 1 and 
sample 7 are expected to have better effective porosity and permeability. However, almost all of 
the sandstones (excluding sample 6) in this study contain calcite and/or hematite cement that 
vary broadly from 0.25% to 23.8% (Table 11). Ample hematite cement was only detected in 
sample 10 and the total cement volume of sample 10 was reported as the sum of calcite cement 
and hematite cement. In Figure 3.20, a negative correlation was indicated between the cement 
volume and permeability of the ten samples in this study. Previous studies show that the volume 
of cement (degree of cementation) reduces the pore space, and it also decreases connectivity 
between pores, which in turn controls permeability (Clelland et al., 1993; Dutton, 2008). For 
example, although samples 1 and 7 have the same mode class, there is a very significant 
difference in their porosity and permeability. While sample 7 contains a low degree of calcite 
cement (1.75 %), it has “exceptional” porosity (30.6 %) and permeability (about 2119 md); 
sample 1, composed of extensive pore-filling calcite cement (22.5 %), has “negligible” porosity 
(4.4%) and extremely low permeability (0.15 md). 
 
Table 11. The variance in the cement volume of ten samples determined from thin-section point 
counts (Dutton, 2008). Only sample 10 has abundant hematite cement (6.75%) besides calcite 
cement (7%).  
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Figure 3.20. Negative correlation between the cement volume and permeability of the ten 
samples. 
  
Reservoir capacity of sample 1 is inferior because calcite cement had filled intergranular pore 
space and restricted fluid flow. In addition to the extensive calcite cement, there is also abundant 
quartz overgrowth (cement) observed in sample 1, reducing the pore space (Figure 3.2). Yet, 
because pore throats are reduced less than pore space, quartz overgrowth has less effect on 
permeability (Hartmann and Beaumont, 2000, p. 94). In this investigation, a very low number of 
connected pores (104 pores) were identified in the thin section of sample 1 (Figure 3.15). 
Therefore, the extensive calcite and quartz cementation (overgrowth) are the fundamental factors 
that decreased porosity in sample 1. On the other hand, there are two main mechanisms that 
caused significant reduction in permeability of sample 1: 1) “negligible” connected porosity (4.4 
%) and the very low number of connected pores (104), and 2) extensive calcite cement filled 
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 almost all pore space, which lowered the connectivity between pores and probably created 
smaller pore throat size. 
 
 The samples in Group 2 (Table 10) have permeability ranging from 50.2 md to 395.22 
md and porosity ranging from 17.8 % to 26 %. While Sample 2 has the highest porosity, it is the 
least permeable rock in Group 2; sample 6 is the least porous rock and has the greatest 
permeability in the group. This inverse relationship can be associated with a variance in the 
volume of cement, clay content and mean grain size of the three samples. Clay content of the 
samples in this study was tabulated below (Table 12). 
 
Table 12. Thin-section point counts showing detrital and authigenic clay content of the samples. 
The authigenic clays in samples 2 and 3 are mostly pore lining chlorites. Samples 8,9, and 10 are 
high-energy cross-bedded sandstones so they probably contain very low detrital clay (S. P. 
Dutton, the Texas Bureau of Economic Geology, personal communication, 2015). 
 
 
In addition to the volume of cement and grain size, the detrital and authigenic clay content in a 
rock can have a detrimental effect on permeability. Detrital grains of clay (as matrix) can be 
easily compacted and squeezed into pore spaces with increasing burial depth. Even though 
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 authigenic clay minerals do not reduce porosity significantly, they can destroy permeability 
depending on the clay type (Hartmann and Beaumont, 2000, p. 93-94). In this research, sample 4 
consists of about 15% of detrital clay, whereas samples 2 and 3 contain more than 5% of 
authigenic pore-lining chlorite (Table 12).  
 
 As illustrated in Figure 3.21, there is an evident relationship between permeability of the 
three samples and the variables stated above. Whereas the percent volume of calcite cement and 
the percent of clay content decreases with increasing permeability, the grain size increases with 
increasing permeability for the samples in Group 2. Sample 2 is the least permeable rock in the 
group (50.2 md) because of having: 1) the highest volume of calcite cement (23.8%), 2) 
relatively lower grain size, and 3) the largest volume of clay content in the group (Figure 3.21). 
Contrary to the volume of cement and the clay content, grain size has a positive influence on 
permeability (Nelson, 2009). Lower grain size initially creates lower intergranular primary 
porosity and thus pore throat size. Nonetheless, higher calcite cement and clay content minimizes 
connectivity between pores and occludes pore throats, in turn creating microporosity and lower 
permeability. Besides containing no calcite cementation, the relatively higher grain size and 
lower authigenic clay content of sample 6 (2.5%, Table 12) resulted in “very good permeability” 
(395.22 md). Due to the variables above that favor fluid flow capacity, the pore throats in sample 
6 are probably well connected and larger compared to the other two samples in the group. 
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Figure 3.21. The cement volume, grain size, and clay content (%) are the main factors that 
control permeability of the samples in Group 2. (K= air permeability, C.V= Cement volume, 
G.S= grain size, C.C= authigenic clay content S6= sample 6, S3= sample 3, and S2= sample 2). 
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  Group 1, composed of the lowest “mode class”, has porosity that ranges from 17.2% to 
19.4% and permeability ranging from 7.18 md to 19.4 md. As pore size decreases, the specific 
surface area of the pores and thus the fluid flow capacity decreases (Weger, 2009, p. 1312). 
Samples 4 and 5 are the least permeable rocks in the nine samples (excluding sample 1) because 
of having the smallest mode class of the samples. In addition to having the smallest mode class, 
the “fair” permeability of samples 4 and 5 agrees with their grain size, which has the smallest 
grain size in the ten samples. As Nelson (2009, p. 331) stated, the size of pores and pore throats 
generally decrease as grain size decreases depending on the sorting of the samples. There is little 
variation in the values of sorting and mean grain size of samples 4 and 5 (both have very fine 
grained sand and are well sorted, Table 6 and Table 7). Therefore, it may be concluded that there 
is not a great difference in their initial pore throat size. However, the difference between their 
permeability may be accounted for the following reasons: 1) detrital clay forming during the 
deposition of sample 4 probably occluded pore throats and reduced the initial pore throat size, 2) 
subsequent formation of calcite cement (6.5%) lowered the connectivity between pores and pore 
throats in sample 4, and 3) the slightly lower porosity of sample 4 (17. 2% vs. 19.4%). Moreover, 
sample 4 is the only texturally immature sample in the ten samples because of containing about 
15% of detrital clay (S. P. Dutton, the Texas Bureau of Economic Geology personal 
communication, 2015). 
 Samples 8, 9, and 10, whose core drilled in the Sego Sandstones formation at about 250 
m, have “good” and “very good” permeable rocks (Table 8 and Table 9) ranging from 61 md to 
133 md. Samples 8 and 9 are expected to have better permeability than sample 10 because of 
their higher mode class (Table 13). Yet, while sample 9 is the highest permeable rock of the 
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 three samples, sample 8 has the lowest permeability of the three because of the variance in the 
cement volume and sorting. 
 
Table 13. The classification of the last three samples based on their mode classes  
 
 
These samples have the volume of cement that varies from 0.25 % to 22.5 % (Table 11). In 
addition to the calcite cement, there is abundant hematite cementation observed in sample 10 of 
this formation. These three Sego sandstones contain no detrital clay (S. P. Dutton, the Texas 
Bureau of Economic Geology, personal communication, 2015) and have little differences in 
grain size, which ranges from 0.134 mm to 0.206 mm (all fine-grained sandstones). Therefore, 
the permeability of these samples is not affected significantly by the other variables (grain size 
and detrital clay content). The correlation between the volume of cement and permeability, and 
sorting and permeability indicate that the volume of cement and sorting in these sandstones are 
the most important parameters that control permeability. There is a significant inverse correlation 
between the volume of cement and permeability as well as a significant positive correlation 
between sorting and permeability in the Sego sandstones (Figure 3.22, and Figure 3.23 
respectively). While sample 8 with the highest volume of calcite cement (22.5 %) is the lowest 
permeable rock (61 md), sample 9 that contains the lowest volume of cement (0.25 %) has the 
greatest permeability (133 md). 
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Fig 3.22. Excellent negative correlation between the permeability of the Sego Sandstones and the 
cement volume in these samples.  
 
 
Figure 3.23. Sorting of the Sego Sandstones shows excellent positive correlation with the 
permeability of these samples. 
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  Consequently, permeability of the ten samples in this study can be evaluated using the 
“mode class” along with the cement volume (%), sorting, grain size, and clay content (%) of the 
samples. 
 The volume of cement occludes intergranular pore space, creating limited connectivity 
between pores and reducing pore throat size. A relatively large number of small pores create high 
water saturation, which is associated with poor permeability (Satter et. al., 2008, p. 38). Since 
“mode class” represents the most frequently measured class interval of pore sizes in a sample, it 
can be related to permeability. Hartmann and Beaumont (2000, p. 29) also noted that an increase 
in the number of smaller pores increases the pore surface area, creating greater immobile water 
saturation, which decreases available pore storage space for hydrocarbons. Additionally, pore 
throat size increases with increasing pore size, which results in lower immobile water saturation 
and better reservoir rock quality. For instance, sample 4 and sample 5, which have the smallest 
mode class (0-50 μm) have the lowest permeability in the nine samples. Oil production rate in 
these reservoirs will be slower than the other nine sandstones (excluding sample 1) because of 
having smaller pore sizes, hence a greater pore surface area. 
 The digital image analysis method in this research does not capture microporosity, and is 
able to measure the pores that are larger than 10 μm. Microporosity and pore-throat size have 
important effects on fluid flow properties of a reservoir rock. However, macropores and 
mesopores predominantly control fluid flow in a rock, embodying the considerable part of flow 
capacity (Weger, 2009, p. 1309), which was focused on, in this study. 
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   3.3.1 Geometric Mean of Pore Size (GEOmean) and Permeability 
  
 In this study, the geometric mean size of the pores identified in the thin sections was 
calculated based on their major axes, ranging from 38.6 μm to 144.5 μm. The lowest GEOmean 
sizes are in samples 4 and 5, and the highest ones are in samples 1 and 7 (Table 14). The 
permeability of the samples in this study generally increases with increasing GEOmean of the 
pore size. However, the highest mean pore size of sample 1 (Table 14) does not agree with its 
permeability because of extensive calcite cementation that resulted in “negligible” porosity.  
 
Table 14. Geometric mean of pore size and permeability of the samples 
 
 
Nine samples (excluding sample 1) show a good correlation between the mean pore size and 
permeability (Figure 3.24). GEOmean of pore size of the samples, in this study solely, is able to 
explain more than 70% of the scatter in permeability of the nine samples. The unexplained 
percent of the variation in permeability can be attributed to the difference in clay content, volume 
of cement, pore geometry, and pore size distribution. For example, it is noteworthy that only 
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 samples 2, 3, and 4 fall under the trendline, and they contain significant amount of either 
authigenic or detrital clay. 
 
 
Figure 3.24. Geometric mean of pore size is a good estimator of permeability for the nine 
samples with R2= 0.76 (The numbers on the data points indicate the sample number). 
 
Authigenic pore-lining chlorite in samples 2 and 3 (11.5% and 8.5% respectively) and detrital 
clay in sample 4 (15.5%) probably occluded pore throats and reduced the pore throat size, 
creating lower permeability for a given mean pore size. However, even though this parameter 
(GEOmean) shows a reasonable correlation with permeability of the samples in this study, it may 
not be consistent because of the following reasons: 1) it will produce biased results for the 
samples with poor sorting of pore size, and 2) contribution of smaller pores to the fluid flow is 
lower than the larger pores. 
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   3.3.2 Dominant Pore Diameter and Permeability  
 
 Dominant pore diameter of the samples in this study varies from less than 50 μm to over 
1100 μm. The dominant pore diameter is a significant parameter because it indicates the pore 
size-range that predominantly controls the sample (Weger, 2009). 
  
Table 15. The comparison of dominant pore diameter and permeability of the samples 
 
 
For example, whereas the largest determined diameter is in sample 7, which has the highest 
permeability, the smallest diameter were found in samples 4 and 5, which are the least permeable 
rocks in the nine samples (Table 15).  
 The dominant pore diameter correlates very well with permeability, and is able to explain 
more than 70% of the scatter in the permeability of the samples (Fig. 3.25). These data show that 
the samples, which have “very good” and “exceptional” permeability (Table 8 and Table 9), tend 
to have the diameters that are larger than 130 μm. However, although the dominant pore 
diameter of sample 1 is larger than 130 μm, its permeability is smaller than 1 md. The very low 
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 permeability of sample 1 is associated with its extensive calcite cementation, which results in 
negligible porosity and probably blocked/closed pore throats. 
 
 
Figure 3.25. There is a good correlation between the dominant pore diameter and air 
permeability of ten samples (R2= 0.73). 
 
 3.4 Pore Shape Analysis (2D) 
  3.4.1 The Area Weighted Gamma (γ𝝎𝝎) and Eccentricity (e) 
 
 In these data, the area weighted gamma values (γ𝜔𝜔) range from 1.00 to 3.00, having the 
highest value in sample 7, which is the highest permeable rock, and having the lowest values in 
samples 4 and 5, which have the smallest permeability in the nine samples (Table 16).  γω shows 
a relatively weaker correlation with permeability of the samples (Figure 3.26). As pointed out by 
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 Anselmetti et. al., (1998), a higher value of γ𝜔𝜔 results in branching pore geometries, which have 
a greater tendency to form a connected pore network, such as in sample 7, with “exceptional” 
permeability. Nevertheless, the limits of image resolution lead smaller pores to be recognized as 
having smoother edges (Weger, 2006, p. 79). These restrictions are more apparent especially for 
the samples with high numbers of smaller pores. For example, samples 4 and 5, which have large 
numbers of smaller pores, have smaller values of γ𝜔𝜔 that recognize smoother edges because of 
the limits of image resolution. Therefore, γ𝜔𝜔 focuses more on the overall roundness of these 
smaller pores on samples with abundant small pores. Overall, γ𝜔𝜔 is more sensitive to roundness 
(surface edginess) of the pores rather than the size of the pores. 
 
 
 
 
Table 15.γω values of the 
samples ranging 1.00 to 3.00 
Figure 3.18. Correlation of γω with permeability of 
the nine samples (R
2
=0.57)  
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  The eccentricity of the samples in this study ranges from 0.80 to 0.90. However, the 
knowledge of the eccentricity only describes how elongated the pores are; it does not 
significantly improve the estimation of permeability of the samples. 
  
  3.4.2 PoA (perimeter over area) and Permeability 
 
 The values of PoA range from 25 mm-1 to 140 mm-1 for the samples in this study (Table 
17), having the lowest proportion in sample 7, which is the highest permeable rock, and having 
the highest proportions in samples 4 and 5, which are the least permeable rocks in the nine 
samples. Contrary to γ𝜔𝜔, PoA can represent both surface edginess and the size of a pore (Weger, 
2009, p. 75). Despite the fact small pores are perfect circles, PoA is able to distinguish them and 
recognizes them as pores having higher specific surface area. Evidently, PoA shows better 
correlation than γ𝜔𝜔 with the permeability of the samples (Figure 3.27). 
 
Table 17. The values of PoA and permeability of the samples 
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 A lower proportion of PoA indicates simpler pore geometry with less tortuosity, resulting in 
higher flow capacity (Ehrenberg, 2006, Daltro De Castro D and Rocha PF., 2013). Therefore, 
whereas the lower proportions of PoA in samples 4 and 5 indicate smaller pores with more 
complex geometries and higher specific surface area, the higher proportion of PoA in sample 7 
demonstrates less complicated pore geometries and larger pores with lower specific surface area. 
The existence of large numbers of smaller pore sizes in samples 4 and 5 can also be inferred by 
their low geometric mean of pore sizes (Table 14) and their mode class (Table 10). 
 
 
Figure 3.27. PoA correlates negatively with the permeability of the nine samples. 
    
The samples whose permeability are higher than 130 md have the values of PoA that are smaller 
than 70 mm-1, and PoA is solely able to explain more than 60% of the variation in permeability 
of the samples in this study (Figure 3.27). The correlation coefficient of determination (R2) is 
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 relatively low because the samples in this study vary greatly in the pore size distribution, 
dominant pore diameter, grain size, and cement volume.   
 
  3.4.3 PoA and Dominant Pore Diameter 
 
 The larger dominant pore diameter observed in a thin section creates a lower ratio of 
PoA, implying a less complicated pore structure and an easy flow of the fluid. Figure 3.28 below 
illustrates this relation between the pore diameters and pore structures.  
 
 
Figure 3.28. PoA decreases with decreasing dominant pore diameter. 
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 For instance, having larger pores and a lower proportion of PoA in sample 7 brought about 
“exceptional” permeability (about 2119 md). Nevertheless, the smaller dominant pore diameter 
and the higher ratio of PoA in samples 4 and 5 resulted in fair (7.18 md) and “good” 
permeability (19.4 md) respectively. 
 
 3.5 Pore Size Distribution in a Given Rock (3D) 
 
 Based on the longest and shortest major axes in each thin section, geometric series was 
used to determine the class intervals of pores. After determining the class intervals of the pores 
in thin section, the parameters below were computed for analyzing pore size distribution in three 
dimensions (the whole calculation process is explained in subtopic 2.2.5 in chapter 2): the 
number of pores in each class interval (f), the range of each class interval, the number of pores 
per unit area in each class interval (NA), the number of pores per unit volume in each class 
interval (Nv), and the number of pores per unit volume per unit size range (n). Subsequently, the 
mean values of each class interval (Lmean) and natural logarithm of n values in a given rock (3D) 
were calculated. Finally, Lmean was plotted against ln (n) to quantify the pore size distribution in 
different rocks. The results show that Lmean correlates well with ln(n) and the correlation 
coefficient of determination (R2) of the samples ranges from 0.83 to 0.96; the majority of the 
samples show excellent correlation (R2≥0.90), as shown in Figures 3.29, 3.30, 3.31, 3.32, and 
3.33. 
 Data points of Lmean and ln(n) for all of the samples in this study have been plotted in one 
graph and the linear regression lines of each sample are shown in Figure 3.34. The size range of 
the pores and the difference in the slope angle of the regression lines are clearly visible, when all 
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 samples are plotted in the same scale (Figure 3.34). Comparing the slope angles of the samples 
reveals that the steeper the slope angle, the smaller the size range of the pores, and the gentler the 
slope angle, the greater the pore size range, as shown in Figure 3.34. In Figure 3.35, an obvious 
relationship (R2=0.70) between the slope of pore size distribution (3D) and permeability of the 
samples. There is a positive exponential relationship between permeability and the value of the 
slope, and thus as the value of the slope increases, permeability increases, as shown in Figure 
3.35. Moreover, in Figure 3.36, three clean sandstone samples (samples 5, 6, and 7), which have 
minor/no cement volume and clay content (%), were selected in order to explain this 
relationship. While sample 7 has the gentlest slope angle, it has the highest permeability (2119 
md) among the three samples, Sample 5, which indicates the steepest slope angle, has the lowest 
permeability of the three samples (19.4 md). Consequently, as the steepness of the slope angle 
increases, the size range of pores decreases, and eventually permeability decreases. 
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Figure 3.29. A) Good negative correlation of Lmean with ln (n) in sample 1. B) Excellent negative 
correlation of Lmean with ln(n) in sample 2. 
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Figure 3.30. A) Excellent negative correlation of Lmean with ln (n) in sample 3. B) Excellent 
negative correlation of Lmean with ln(n) in sample 4. 
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Figure 3.31. A) Excellent negative correlation of Lmean with ln (n) in sample 5. B) Good negative 
correlation of Lmean with ln(n) in sample 6. 
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Figure 3.32. A) Good negative correlation of Lmean with ln (n) in sample 7. B) Excellent negative 
correlation of Lmean with ln(n) in sample 8. 
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Figure 3.33. A) Excellent negative correlation of Lmean with ln (n) in sample 9. B) Good negative 
correlation of Lmean with ln(n) in sample10.
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Figure 3.34. Linear regression lines of the ten samples showing variance in the steepness.
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Figure 3.35. The slopes of three-dimensional pore size distribution show a good positive 
correlation (R2=0.70) with permeability of the nine samples (excluding sample 1). 
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Figure 3.36. The steepness of the linear regression lines increases with decreasing range of pore 
sizes (for the three clean sandstone samples) and thus permeability decreases. 
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 Chapter 4: Conclusions 
 
 In this study, the digital image analysis combined with an empirical equation has been 
utilized to assess the two-dimensional (2D) pore size and pore shape structure and the three-
dimensional (3D) pore size distribution (PSD) of the ten sandstone samples. The primary 
conclusions of this research are: 
 
1) Porosity and permeability of sample 1 are strongly controlled by the calcite cement, 
outweighing all other parameters that affect reservoir properties. The extensive blocky calcite 
cement in sample 1 filled intergranular pore space, reducing pore space and blocking 
interconnections among pores and pore throats, eventually resulting in “negligible porosity” and 
extremely low permeability. As a result, sample 1 is excluded from the evaluation of other 
factors that affect reservoir properties. 
2) Permeability of the remaining nine samples increases with increasing mean grain size, and 
decreases with increasing degree of sorting. Generally, the degree of sorting is expected to show 
a positive correlation with permeability. The existence of this inverse relationship between 
sorting and permeability implies that other controlling factors (such as the extent of cementation, 
grain size, pore size distribution, and tortuosity of the pores) reduce the contribution of the 
degree of sorting to the permeability. 
3) The degree of sorting decreases with increasing helium (effective) porosity of the seven 
samples, even though the degree of sorting is expected to decrease with decreasing porosity. This 
paradox may be due to the variance in the cement volume, packing, shape (angularity), and 
roundness of the grains. 
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 4) The permeability of three samples (samples 8, 9, and 10) from the same formation (the Sego 
Sandstones) shows excellent exponential relationship with sorting (R2=0.99) and the cement 
volume (R2=0.98). Thus, in the case of Sego sandstones sorting and the cement volume are the 
fundamental variables that control permeability. However, other factors such as the dominant 
pore diameter, the PSD slope, and PoA (the tortuosity of the pores) appear to be the main 
controlling factors in permeability of the nine samples from different formations. Multiple 
regression analyses show that, of these factors, the most important ones that control permeability 
are the dominant pore diameter (R2=0.73) and PSD slope (R2=0.70). According to their 
significance, these factors are followed by the complexity of pore network (PoA, R2=0.64), mean 
grain size (R2=0.38), and the cement volume (R2=0.25), respectively. 
5) Histograms of PSD (2D) show that the mode classes of the nine samples increase with 
increasing permeability, as a general trend. The least permeable rocks (samples 4 and 5) have the 
smallest mode classes and the highest permeable rock (sample 7) has the largest mode class. 
6) The authigenic clays in samples 2 and 3, and detrital clay in sample 4 have detrimental effects 
on permeability of these three samples, even though these samples have “exceptional” and 
“good” porosities. 
7) The most significant result of the study is that reservoir rock quality of the sandstone samples 
with minor content of clay and cement can be directly evaluated using the proposed method in 
this study. The quantification of the PSD (3D) is sufficient to compare permeability of two 
different samples for a given porosity. For example, in samples 4 (Φ=17.2%) and 6 (Φ=17.8%), 
oil production rate will greatly differ because of the variance in the dominant pore diameters 
(52.9 μm and 138.2 μm, respectively), the values of the PSD slope (-36 and -13, respectively), 
and PoA (118 mm-1 and 62 mm-1, respectively). Sample 4 has a smaller dominant pore diameter, 
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 and smaller value of the PSD slope (steeper linear regression line), and greater value of PoA 
(implying complex pore network), all of which resulted in lower permeability. 
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 Glossary of Selected Key Terms 
 
dominant pore diameter. The equivalent diameter corresponding to 50% of the total pore space 
in a thin section, and determined by drawing a cumulative area curve. 
edginess. The quality of the pores having sharp edges. 
effective porosity. The interconnected pore space within a rock divided by the total volume of 
the rock. 
equivalent diameter. The diameter of a circle with the same area corresponding to the identified 
pore in a thin section. 
framework grains. Refers to the sand-sized grains ranging from 0.0625 mm to 2 mm in major 
axes. 
gamma (γ). A pore shape parameter that expresses the overall roundness of a pore, which is 
defined as the perimeter over the area of an individual pore normalized to a circle, and thus, has a 
value of 1 for perfect circles. 
grain size. The major axis of an outlined grain measured by IP Lab software. 
helium porosity. The effective porosity that is measured by the helium gas expansion method. 
intergranular porosity. The porosity due to pore volume between the rock grains. 
irreducible water saturation. A certain saturation level below which the fluid will not flow 
through the microscopic pores and channels in the porous medium. 
macropores. Refers to pores that generally have pore sizes greater than 30 μm and pore-throat 
sizes greater than 10 μm. 
mesopores. Refers to pores are the pores having pore sizes between 10 μm and 30 μm and pore-
throat sizes varying from 1 μm to 10 μm. 
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 microporosity. Refers to pores having pore sizes less than 10 μm and pore-throat sizes less than 
1 μm. 
mode class. The pore size class having the highest percentage of pores in a sample. 
pore size. Pore size in this study is expressed as the major axis of a pore measured by IP Lab 
software. 
perimeter over area (PoA). It is the ratio between the total perimeter and the total area of the 
pore space. PoA can be regarded as a two-dimensional equivalent to the specific surface, the 
ratio between pore volume and pore surface. A smaller number of PoA indicates simple pore 
network with less tortuosity and higher flow capacity. 
population density of pores (n). The calculated value of the number of pores per unit volume 
per unit range (interval) in a thin section. 
porosimetry. An analytical technique that encompasses measurement of size, distribution, 
volume, and other characteristics of pores in a porous material. 
pore throat. In an intergranular rock, it describes the small pore space at the point where two 
grains meet, which connects two larger pore volumes.  
segmentation. In IP Lab software, the process of outlining a particle by moving the cursor 
manually around the edge of each individual pore or grain to obtain the geometrical parameters 
of individual pores. 
slope of pore size distribution (PSD). The slope, which is calculated from the linear regression 
lines of three dimensional pore size distribution graphs (that are plotted by logarithmic values of 
population density of pores (n) versus mean pore size. 
snapshot. A photograph taken by IP lab software to outline visible pores or grains in the 
photograph. 
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 specific surface. The specific surface is the ratio between pore volume and pore surface. In this 
study, PoA is used as a two-dimensional equivalent to a specific surface. 
stereological. Stereology is the study of three-dimensional properties of objects or matter usually 
observed two dimensionally. In order to convert two-dimensional parameters to the appropriate 
three-dimensional values, stereological techniques are used. 
tortuosity. The actual distance that fluid takes divided by the straight-line distance between end 
points. Twisted and bended pores are more tortuous and create longer paths for fluid to flow 
through rock (resulting in lower permeability). PoA is used to evaluate tortuosity of the samples 
in this study. 
total (absolute porosity). The total pore space, which is the interconnected and isolated pore 
space within the rock divided by the total rock volume. 
uncorrected air permeability. This is the permeability that has not been corrected for the 
Klinkenberg gas slippage effect. The slip flow effect of Klinberg (1941) is mostly required for 
samples having gas permeability less than 10 md.  
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Appendix B 
 
Geometric and Pore Shape Parameters of the Samples 
 
(Based on the measurements from thin sections)
 103 
  
 
 
 
 104 
  
 
 
 
 
 
 
 
 
Appendix C 
 
Grain Size (major axis) Data 
 
(Mean Grain Size and Sorting) 
 
 
 
 
 
 
 
 
 105 
 SAMPLE 1 
 
 
SAMPLE 2 
 
 
 
 106 
 SAMPLE 3 
 
 
SAMPLE 4 
 
 
 
 
 
 107 
 SAMPLE 5 
 
 
SAMPLE 6 
 
 
 
 108 
 SAMPLE 7 
 
 
 
 
 
 
SAMPLE 8 
 
 
 
 
 
 109 
 SAMPLE 9 
 
 
 
 
 
 
SAMPLE 10 
 
 
 
 
 
 
 110 
